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ABSTRACT
Objective, accurate, and fast assessment of bridge structural condition is critical to timely 
assess safety risks. Current practices for bridge condition assessment rely on visual 
observations and manual interpretation of reports and sketches prepared by inspectors in the 
field. Visual observation, manual reporting and interpretation has several drawbacks such as 
being labor intensive, subject to personal judgment and experience, and prone to error. 
Terrestrial laser scanners (TLS) are promising sensors to automatically identify structural 
condition indicators, such as cracks, displacements and deflected shapes, as they are able to 
provide high coverage and accuracy at long ranges. However, there is limited research 
conducted on employing TLS to detect cracks for bridge condition assessment, which mainly 
focused on manual detection and measurements of cracks, displacements or shape deflections
from the laser scan point clouds. TLS is an advance 3D imaging technology that is used to 
rapidly measure the 3D coordinates of densely scanned points within a scene. The data 
gathered by a TLS is provided in the form of 3D point clouds with color and intensity data often 
associated with each point within the cloud. This paper proposes a novel adaptive wavelet 
neural network (WNN) based approach to automatically detect concrete cracks from TLS point 
clouds for bridge structural condition assessment. The adaptive WNN is designed to self-
organize, self-adapt, and sequentially learn a compact reconstruction of the 3D point cloud. The 
architecture of the network is based on a single-layer neural network consisting of Mexican hat 
wavelet functions. The approach was tested on a cracked concrete specimen. The preliminary 
experimental results show that the proposed approach is promising as it enables detecting
concrete cracks accurately from TLS point clouds. Using the proposed method for crack 
detection would enable automatic and remote assessment of bridge condition. This would, in 
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turn, result in reducing costs associated with infrastructure management, and improving the 
overall quality of our infrastructure by enhancing maintenance operations.
Key words: laser scanning—bridge condition assessment—crack detection—wavelets—
neural networks
INTRODUCTION
The majority of bridge condition assessments in the U.S. are conducted by visual inspection, 
during which a printed checklist is filled by trained inspectors. An inspector must correctly 
identify the type and location of each element being inspected, document its distress, manually 
record this information in the field and then transcribe that information to the bridge evaluation 
database after arriving back at his/her office. This is a complex and time-consuming set of 
responsibilities which are prone to error.
Terrestrial laser scanners (TLS) are promising sensors for documenting as-built condition of 
infrastructure (Hajian and Brandow, 2012), and they have already been utilized by a number of 
state DOTs for this purpose at the project planning phase. Furthermore, TLS technology has 
been shown to be effective identifying structural condition indicators, such as cracks, 
displacements and deflected shapes (Park et al. 2007; Olsen et al. 2009; Werner and Morris, 
2010; Meral 2011; Wood et al. 2012), as they are able to provide high coverage and accuracy at 
long ranges. However, there is limited research conducted on employing TLS to detect cracks 
for bridge condition assessment, which mainly focused on manual detection and measurements 
of cracks, displacements or shape deflections from the laser scan point clouds (Chen 2012; 
Chen et al. 2014; Olsen et al. 2013).
The research presented in this paper attempts to automatically detect cracks from TLS point 
clouds (Olsen et al. 2009; Anil et al. 2013; Adhikari et al. 2013; Mosalam et al. 2013) for bridge 
structural condition assessment. TLS is an advance imaging technology that is used to rapidly 
measure the 3D coordinates of densely scanned points within a scene (Fig. 1(a)). The data 
gathered by a TLS is provided in the form of 3D point clouds with color and intensity data often 
associated with each point within the cloud. Point cloud data can be analyzed using computer 
vision algorithms (Fig. 1(b)) to detect structural conditions (Fig 1(c)).
Figure 1. Research Vision
In its raw format, TLS point cloud data contains significant number of data points that is 
unstructured, densely and non-uniformly distributed (Meng et al. 2013). Therefore, in machine 
learning community, substantial effort has been put in reconstructing 3D shapes from point 
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clouds. Popular reconstruction methods include the utilization of Splines (Gálvez & Iglesias 
2012) and partial differential equations (PDE) (Wang et al. 2012), seen as an improvement over 
Splines in terms of numbers of parameters. Neural networks have also been proposed, and 
demonstrated as superior to PDE-based methods in (Barhak & Fisher 2001).
The overarching goal of this research is to detect 3D shapes from point clouds real-time while 
scanning on-site. However, there exist critical challenges in designing a shape reconstruction 
algorithm for real-time adaptive scanning, namely: 
x The algorithm must adapt sequentially to enable adaptive scanning. 
x The representations must be compact to reduce demand on memory. A compact 
representation can also facilitate queries over a large database, particularly useful in 
extracting prior information in the case of sequential training.
x The number of parameters must remain low to accelerate computational speed. A high 
number of parameters would result in a substantial lag in the parameterization process. 
x The algorithm must be robust with respect to noise in data, which can be substantial with 
TLS-based technologies. 
Neural networks have been proposed as candidates for providing robust and compact 
representations. In particular, Radial Basis Functions (RBF) neural networks have been applied 
to the problem of shape reconstruction (Bellocchio et al. 2013). Compared against traditional 
types of neural networks, they provide a better approximation, convergence speed, optimality in 
solution and excellent localization (Suresh et al. 2008). Furthermore, they can be trained faster
when modeling nonlinear representations in the function space (Howlett 2001). Recent work has 
been published in utilizing sequential RBF networks for reconstructing surfaces from point 
clouds (Meng et al. 2013). A self-organizing mapping (SOM) (Kohonen 2001) architecture was 
used to optimize node placement, and the algorithm provided good accuracy with minimum
number of nodes.
The authors have developed a sequential adaptive RBF neural network for real-time learning of 
nonlinear dynamics (Laflamme & Connor 2009), and returned similar conclusions where the 
network showed better performance with respect to traditional neural networks. They also 
designed wavelet neural networks (WNN) for similar applications in (Laflamme et al. 2011, 
Laflamme et al. 2012). WNN are also capable of universal approximation, as shown in (Zhang & 
Benveniste 1992). This particular neural network has also been demonstrated as capable to 
learn dynamics on-the-spot, without prior knowledge of the underlying dynamics and 
architecture of the input space. 
The study presented in this paper proposes a novel adaptive wavelet neural network (WNN) 
based approach to automatically detect concrete cracks from TLS point clouds for bridge 
structural condition assessment. The adaptive WNN is designed to self-organize, self-adapt,
and sequentially learn a compact reconstruction of the 3D point cloud. The approach was tested 
on a cracked concrete specimen, and it successfully reconstructed 3D laser scan data points as 
wavelet functions in a more compact format, where the concrete crack was easily identified. 
This is a significant improvement over previous TLS based crack detection methods as it does 
not require a priori knowledge about the crack or the 3D shape of the object being scanned. It
also enables to process 3D point cloud data faster and detect cracks automatically.
Furthermore, since it is designed to self-organize, self-adapt and sequentially learn a compact 
reconstruction of the 3D point cloud, it can easily be adapted for real-time scanning in the field, 
which will be investigated in the future using the adaptive WNN approach presented in this 
paper.
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BACKGROUND
Terrestrial Laser Scanning (TLS) Technology
Terrestrial Laser Scanning (TLS) – also known as Light Detection and Ranging (LiDAR) –
enables direct acquisition of 3D coordinates from the surface of a target object or scene that are 
visible from the laser scanner’s viewpoint (Alba et al. 2011; Vosselman and Maas 2013; Xiong 
et al. 2013). TLS is based on either time-of-flight (TOF) or phase-based technology to collect 
range (x, y, z) and intensity data of objects in a scene. The two technologies differ in calculating 
the range, while both acquire each range point in the equipment’s spherical coordinate frame by 
mounting a laser on a pan-and-tilt unit that provides the spherical angular coordinates of the 
point. TOF scanners emit a pulse of laser light to the surface of the target object or scene and 
calculate the distance to the surface by recording the round trip time of the laser light pulse. 
Phase based scanners measure phase shift in a continuously emitted and returned sinusoidal 
wave. Both types of TLS achieve similar point measurement accuracies. They differ in scanning 
speed and maximum scanning range. Typically, phase-based TLS achieve faster data 
acquisition (up to one million points per second), while TOF-based TLS enables collecting data 
from longer ranges (up to a kilometre).
TLS implementation in the AEC-FM Industry
Laser scanning technology enables capturing comprehensive and very accurate three-
dimensional (3D) data for an entire construction scene using only a few scans (Cheok et al. 
2002). Among other 3D sensing technologies, laser scanning is the best adapted technology for 
capturing the 3D status of construction projects and condition of infrastructure accurately and 
efficiently. In a study by Greaves and Jenkins (2007), it is shown that the 3D laser scanning 
hardware, software, and services market has grown exponentially in the last decade, and the 
Architecture, Engineering, Construction and Facilities Management (AEC-FM) industry is one of 
its major customers. This shows that owners, decision makers and contractors are aware of the 
potential of using this technology for capturing the 3D as-built status of construction projects and 
condition of infrastructure. However, laser scanners’ current adoption rate is very low despite 
their tremendous benefits. The major reasons are related to the big size of data they produce 
and the long data processing time required. 
Laser scanners can output extremely high resolution models, but at a much larger file size and 
processing time (Boehler and Marbs, 2003). Despite the remarkable accuracy and benefits, 
laser scanners’ current adoption rate in the AEC-FM industry is still low, mainly because of the 
data acquisition and processing time and data storage issues. Full laser scanning requires 
significant amount of time. Depending on the size of the site, it can take days for large scale 
high-resolution shots. Accordingly, resulting data file sizes are typically very large (e.g., a single 
high resolution scan file size could be a couple of gigabytes or much larger). Therefore, data 
storage and processing are the two biggest factors for the low adoption rates of laser scanners
in the AEC-FM industry.
Thus, there is a need for advanced algorithms that enable automated 3D shape detection from 
low resolution point clouds during data collection. This would improve project productivity as 
well as safety by reducing the amount of time spent on-site. Importantly, practical applications of 
the developed algorithms to field laser scanners will be straightforward since commercially 
available laser scanners on the market are generally programmable (Trimble Inc. 2015).
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RESEARCH METHODOLOGY: ADAPTIVE WAVELET NETWORK
An adaptive wavelet neural network (WNN) has been designed to sequentially learn a compact 
reconstruction of the 3D point cloud. The architecture of the WNN is based on a single-layer 
neural network, as illustrated in Fig. 2, consisting of ݄ Mexican Hat wavelets centered at ߤ௜, with 
a bandwidth ߪ௜ where each function (or node) ߶௜ can be written as below:
߶௜(ߞ) =  ቆ1െ
ԡߞ െ ߤԡଶ
ߪଶ ቇ ݁
ିԡ఍ିఓԡ
మ
ఙమ       for ݅ = 1,2, … ,݄ (1)
The wavelet network maps the ݖ௝ coordinate of point ߞ௝ = [ݔ௝ ,ݕ௝] using the following function: 
ݖǁ௝ =෍ߛ௜߶௜൫ݔ௝ ,ݕ௝൯
௛
௜ୀଵ
(2)
where ߛ௜ are function weights, and the tilde denotes an estimation.
Figure 2. Single-layer architecture of the wavelet network
The network is self-organizing, self-adaptive, and sequential. The self-organizing feature 
consists of the capability to add functions at sparse locations. This is done following Kohonen’s 
Self-Organizing Mapping Theory (Kohonen 2001). The self-adaptive feature consists of 
adapting the network parameters ࣌ and ࢽ to learn the compact representation. Lastly, the 
sequential feature refers to the capability of the network to learn at representation while 
scanning is occurring, in a sequential way, in opposition to a batch process. This sequential 
capability would be used to interact with the 3D scanner in real-time.
The wavelet network algorithm is as follows. First, a new point ࣀ࢐ is queried from the scanner, 
along with its associated ࢠ࢐. The shortest Euclidean distance is computed between the location
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of the new point ࣀ࢐ and the center of the existing functions ࣆ࢏ for ࢏ = ૚,૛, … ,ࢎ.If the shortest 
distance is greater than a user-defined threshold ࣅ, a new function is added at ࣆࢎା૚ = ࣀ࢐ and
the number of functions increases by 1. Note that this threshold decreases with decreasing 
bandwidth ࣌࢏, which allows the creation of denser regions where the network resolution is 
higher. The weight of the new function is taken as ࢽࢎା૚ = ࢠ࢐. Second, if no new function is 
added, the estimate ࢠ෤࢐ is compared against the value ࢠ࢐, and the network error ࢋ = ࢠ෤࢐ െ ࢠ࢐ is 
computed. Third, the network parameters ࣌࢏ and ࢽ࢏ are adapted using the backpropagation 
method (Laflamme et al. 2012):
ߦሶ = െȞక ൬
ߜݖ
ߜߦ൰ ݁
(3)
where ࣈ = [࣌,ࢽ], and ડࣈ are positive constants representing the learning rate of the network.
EXPERIMENTS AND PRELIMINARY RESULTS
The adaptive wavelet network has been validated on a cracked concrete specimen. The 
specimen was scanned using a Trimble TX5 phase-based TLS on a region limited to 50 by 65 
mm2 to focus the study on the algorithm itself. A total of 8170 points have been generated. The 
specimen is shown in Fig. 3, along with a zoom on the limited region (Fig. 3(b)). Fig. 3 (b) shows 
the crack that runs through the region with a wider region (along the first 35.1 mm from the 
bottom), and a smaller damage geometry along 9.8 mm and after.
Fig. 4 shows a typical fitting result obtained using 59 nodes. The compact representation 
provides a good fit of the 3D point cloud, and includes the damage feature. A study was 
conducted on the accuracy of the representation as a function of the number of nodes in the 
network, by changing the parameter ߣ while keeping all other network parameters constant. The 
accuracy was measured in terms of the root means square (RMS) error. Fig. 5 is a plot of the 
RMS error as a function of the number of nodes. It also shows the relative computing time 
versus the network size. In this case, there is a region in which the algorithm provides an 
optimal representation in term of RMS error. The decrease in performance for a higher number 
of nodes can be attributed to the network parameters that become mistuned. In particular, when 
more nodes are allowed in the network and the initial bandwidth is large, one would expect a 
relatively higher training period to obtain an acceptable level of accuracy. The relative 
computing time changes linearly with the number of nodes in the network.
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Figure 3. (a) Specimen (scanned region shown by the dashed rectangle); and (b) zoom on 
the scanned region (distances in mm).
Figure 4. (a) Point cloud; (b) Compact representation; and (c) Overlap of point cloud and 
representation.
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Figure 5. RMS error and relative computing time versus wavelet network size.
While the wavelet network provides an accurate representation of the 3D point cloud, it should 
be also capable of extracting key features, such as damage. With this particular example, an 
attempt was made to automatically localize the damage and determine its severity. The strategy 
consists of identifying regions of wavelets (or nodes) of lower bandwidths, which would indicate 
a region of higher resolution, thus the location of a more complex feature (a crack, in this case). 
Fig. 6(a) is a wavelet resolution map, which is obtained by computing the average wavelet 
bandwidth within a region of the representation. Dark blue areas indicate a high resolution 
region, while dark red areas represent low resolution regions. The damage is approximately 
localized using this strategy. Next, the crack length and width were estimated by evaluating the 
maximum distances along the x- and y-axes within a group of wavelets of low bandwidth. Fig. 
6(b) is a plot of the computed crack length and width as a function of the number of nodes. The
approximate crack length is more accurately determined for networks created with a large 
number of nodes, but yet yields to an acceptable approximation. The estimated crack width 
increases with increasing number of nodes. This is explained by the presence of a high 
resolution region around the coordinate [-20, 20], shown in Fig. 6(a), that is perceived as a 
crack. A representation created with a large number of functions may over-fit the 3D point cloud. 
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Figure 6. (a) Wavelet resolution map showing the average wavelet bandwidths for a 
representation using 59 nodes (the approximate crack region is shown within the black-
dashed region); and (b) Identified crack length and width based on wavelet resolutions.
CONCLUSIONS
A strategy to sequentially construct a compact representation of a 3D point cloud has been 
presented. The representation is wavelet network capable of self-organization, self-adaptation, 
and sequential learning. It can be utilized to transform thousands of 3D point cloud data 
obtained from a TLS or LiDAR into a small set of functions. The proposed wavelet network has 
been demonstrated on a cracked cylindrical specimen. It was shown that the algorithm was 
capable of replacing a set of 8170 3D coordinates into a set of 59 functions while preserving the
key features of the scan data, which included a crack. By looking at local regions of high-
resolution wavelets, it is possible to localize these features, and estimate their geometry. While 
the promise of automatic damage detection has been demonstrated, the development of more 
complex algorithms in future work could lead to more accurate numerical localization and 
estimation of damage.
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